Using Crowdsourcing in the Rating of Emotional Speech Assets by Delany, Sarah Jane et al.
Technological University Dublin 
ARROW@TU Dublin 
Other resources School of Computing 
2011-07-12 
Using Crowdsourcing in the Rating of Emotional Speech Assets 
Sarah Jane Delany 
Technological University Dublin, sarahjane.delany@tudublin.ie 
Alexey Tarasov 
Technological University Dublin, tarasovsaleksejs@gmail.com 
John Snel 
Technological University Dublin 
Charlie Cullen 
Technological University Dublin, charlie.cullen@tudublin.ie 
Follow this and additional works at: https://arrow.tudublin.ie/scschcomoth 
 Part of the Computer Sciences Commons 
Recommended Citation 
Delaney, S. J., Tarasov, A., Snel, J. & Cullen, C. (2011) Using Crowdsourcing in the Rating of Emotional 
Speech Assets. International Classification Conference, St Andrews, Scotland. doi:10.21427/D7XW3P 
This Presentation is brought to you for free and open 
access by the School of Computing at ARROW@TU 
Dublin. It has been accepted for inclusion in Other 
resources by an authorized administrator of ARROW@TU 
Dublin. For more information, please contact 
yvonne.desmond@tudublin.ie, arrow.admin@tudublin.ie, 
brian.widdis@tudublin.ie. 
This work is licensed under a Creative Commons 
Attribution-Noncommercial-Share Alike 3.0 License 
Using	  Crowdsourcing	  in	  the	  Ra3ng	  
of	  Emo3onal	  Speech	  Assets	  
Sarah	  Jane	  Delany	  
Alexey	  Tarasov	  
Charlie	  Cullen	  
John	  Snel	  
	  
Agenda	  
•  Introduc3on	  to	  the	  domain	  
– Automa3c	  Recogni3on	  of	  Emo3on	  from	  Speech	  
•  Process	  of	  emo3on	  recogni3on	  
– Main	  challenges	  
•  Labelling	  of	  corpora	  by	  using	  crowdsourcing	  
– Main	  challenges	  and	  our	  direc3ons	  
Applica3ons	  of	  Emo3on	  Recogni3on	  
•  Monitoring	  call	  center	  operators	  [Gupta2007]	  
•  ICT	  services	  for	  hospitalized	  children	  [Yilmazyildiz2006]	  
•  E-­‐learning	  [D’mello2007]	  
•  Recogni3on	  of	  driver’s	  sleepiness	  [Grimm2007]	  
•  Smart	  homes	  [Kostoulas2008]	  
•  SoSware	  usability	  tes3ng	  	  [Schultz2007]	  
•  Surveillance	  [Clavel2006]	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Acted	  speech	   Actors	  are	  asked	  to	  depict	  certain	  emo3on	  
Natural	  speech	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  real-­‐life	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  are	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[call-­‐centers,	  talk-­‐shows	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Induced/elicted	  speech	   Emo3ons	  are	  induced	  in	  a	  controlled	  environment	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  Induc3on	  
Procedures	  Induced	  
Mood	  induc3on	  procedures	  
•  Subjects	  are	  placed	  in	  controlled	  environment	  
•  Wizard-­‐of-­‐Oz	  changes	  it	  to	  induce	  emo3ons	  
AIBO	  robot	   [Steidl2009]	  
Computer	  games	   [Vaughan2010]	  	  
Driving	  simulator	   [Jones2005]	  
•  Boundaries	  are	  vague	  
•  Different	  meanings	  for	  different	  people	  
•  Culture-­‐dependent	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Labelling:	  Categories	  vs.	  Dimensions	  
Discre3za3on	  of	  dimensions	  
[Grimm2007a]	  
Feature	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How	  corpora	  are	  labelled	  now?	  
•  Small	  number	  of	  experts	  
– Not	  cheap	  
– Not	  fast	  
– Emo3on	  is	  subjec3ve	  
Crowdsourcing	  
“The	  act	  of	  taking	  a	  task	  tradi3onally	  performed	  
by	  a	  designated	  agent	  and	  outsourcing	  it	  to	  an	  
undefined,	  generally	  large	  group	  of	  people	  in	  
the	  form	  of	  an	  open	  call”	  	  [Jeff	  Howe]	  
www.wired.com/wired/archive/14.06/crowds.html!
...the power of many... 
Crowdsourcing	  
•  June	  2006	  Wired	  magazine	  ar3cle	  by	  	  
Jeff	  Howe	  
https://www.mturk.com/mturk/!
www.google.com/recaptcha!
www.gwap.com/gwap/!

Crowdsourcing	  
•  Triggered	  a	  shiS	  in	  the	  way	  labels	  or	  ra3ngs	  
are	  obtained	  in	  variety	  of	  domains:	  
– natural	  language	  tasks	  [Snow2008]	  
– computer	  vision	  [Sorokin2008,	  von	  Ahn2004]	  
– sen3ment	  analysis	  [Hsueh2008,	  Brew2010]	  
– machine	  transla3on	  [Amba32010]	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Challenges	  
Our	  objec3ve:	  to	  label	  large	  collec3ons	  of	  
speech	  assets	  using	  crowdsourcing	  but	  
iden3fying	  and	  using	  good	  raters	  
	  
•  How	  to	  determine	  the	  sequence	  of	  assets?	  
•  How	  to	  es3mate	  the	  reliability	  of	  raters?	  
•  How	  to	  use	  mul3ple	  ra3ngs	  received?	  
Determining	  the	  sequence	  of	  assets	  
•  Ac3ve	  learning	  is	  a	  typical	  approach	  
–  [Yan2011]	  (logis3c	  regression	  only)	  
–  [Amba32010]	  (applicable	  only	  to	  the	  natural	  
language	  processing)	  
Es3ma3ng	  Rater	  Reliability	  	  
•  Everyone	  rates	  everything	  [Raykar2010,	  Whitehill2009]	  	  
•  Dynamic	  es3ma3on	  [Donmez2009,2010,	  Brew2010,	  Yan2011]	  
–  typically	  for	  binary	  classifica3on	  task	  
– prior	  informa3on	  about	  raters	  needed	  
	  
Using	  Ra3ngs	  
•  Majority	  vote	  or	  weighted	  average	  
•  Learning	  algorithms,	  e.g.	  EM	  [Raykar2010]	  
– everyone	  has	  to	  rate	  everything	  

Preliminary	  Experiment	  
•  Using	  the	  fully	  labelled	  VAM	  corpus	  
•  Simula3ng	  the	  labelling	  process	  
•  Three	  approaches	  to	  labeller	  selec3on	  
– Random	  selec3on	  
– Best	  overall	  selec3on	  
– Best	  so	  far	  selec3on	  
Preliminary	  results	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Next	  steps	  
•  Using	  ac3ve	  learning	  for	  the	  presenta3on	  of	  
assets	  with	  SVM	  and	  SVR	  
•  Perform	  dynamic	  assessment	  of	  raters’	  
reliabili3es	  without	  having	  any	  prior	  
informa3on	  about	  them	  
•  Label	  our	  corpus	  using	  these	  techniques	  
Thank	  you	  for	  your	  aXen3on!	  
Any	  ques3ons?	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